evidence that batch effects are not the main source of variance in the dataset. Our 139 findings show that manual annotation of cell types is consistent with unbiased 140 transcriptomic clustering, and that most cell types are unique enough to enable their 141 unbiased identification across organs and tissues. We expect that further refinements of 142 comparison algorithms will facilitate the discovery of finer, organ-specific distinctions 143 between these shared cell types. 144 145
To investigate common cell types across all organs, we pooled all cells annotated as T 146 cells and analyzed them collectively (Fig. 5 ). Our analysis revealed 5 clusters. Cluster 0 147 comprises cells from the thymus that are undergoing VDJ recombination characterized by 148 the expression of RAG (Rag1, Rag2) and TdT (Dntt), and includes uncommitted double 149
positive T-cells (Cd4 + , Cd8a + ). Cluster 4 contains proliferating T cells, predominantly 150 from the thymus. We hypothesize that these are pre-T cells expanding after the 151 completion of VDJ recombination. Clusters 1-3 contain predominantly single positive T 152 cells (Cd4 + or Cd8a + ). Cluster 3 contains Cd5 high thymic T cells possibly undergoing 153 positive selection while Cluster 2 contains mostly non-thymic T cells expressing the high 154 affinity IL2 receptor (Il2ra, Il2rb), suggesting they are activated. Interestingly, they also 155 express MHC type II genes (H2-Aa, H2-Ab1). While this is known to occur in human T 156 cells, MHCII was previously thought restricted to professional antigen presenting cells in 157 mice 11 . Finally, Cluster 1 also represents mature T cells, but primarily from the spleen. 158 159
A key challenge for many single cell studies is understanding the potential changes to the 160 transcriptome caused by handling, dissociation and other experimental manipulation. A 161 previous study in limb muscle showed that quiescent satellite cells tend to become 162 activated by dissociation and consequently express immediate early genes among other 163 genes 21 . We found that expression of these dissociation-related markers was also clearly 164 observed in our limb muscle data, as well as in mammary gland and bladder (Supp. Fig.  165 7), but that many organs and tissues showed little evidence of similar cellular activation. 166 Therefore the dissociation-related activation markers found in limb muscle are not 167 universal across all organs and tissues. This is not to say that other organs lack 168 dissociation-related gene expression changes, but that some of the genes involved are 169 specific to a given organ. Importantly, the presence of such gene expression changes 170 does not prevent the identification of cell type or the comparison of cell types across 171 organs and tissues. 172 173
One major goal of defining cell identities is to understand the transcription factor (TF) 174 regulatory networks that underlie them. We first investigated the combinatorial 175 specificity of TF expression across all cell types (defined as unique combinations of cell 176 ontology annotation and tissue) ( Fig. 6) . We searched for the combination of four (n=4) 177
enriched TFs that best specified each target cell type over all others. For each 178 combination of TFs, we counted every cell expressing all four TFs as a positive, and 179
anything else as a negative. We then calculated cell type-specificity by the precision 180
(ratio of number of positive target cells to total number of positive cells) and recall (ratio 181 of number of positive target cells to total number of target cells) of each combination of 182
TFs for the target cell type over the rest of the cells (Table S3) . We found 41 cell types 183
with TF combinations with precision > 0.3 and recall > 0.3. We noted that the 184 combinatorial nature of TF expression was critical to specificity; for example, Ctnnb1, 185 combined with one of two TF sets, specified either skin keratinocyte stem cells or lung 186 type II pneumocytes (Fig. 6a) . We found many TF combinations for cell types with 187 challenging in vitro differentiation protocols 22 (e.g., hepatocytes; Creb3l3, Nr1h3, Hnf4a, 188 and Klf15) and cell types with no established direct differentiation protocol (e.g., 189
microglia; Mafb, Sall1, Irf5, and Maf) ( Fig. 6a) . 190 191 We then analyzed organ-specific TFs by isolating a set of closely-related, cross-organ 192 cell groups (epithelial cells and endothelial cells). We performed TF correlation analysis, 193 similar to 15 within the cell groups ( Fig. 6b-g) . We found many TFs within epithelial cells 194 that clustered strongly by organ and were enriched in organ-specific epithelial clusters 195 ( Fig. 6b) . For example, Sox4 (mammary basal cells), Foxq1 (bladder basal cells of the 196 urothelium), Pax9 (tongue basal cells of the epidermis), and Lhx2 (skin keratinocyte stem 197 cells) were highly organ-specific ( Fig. 6c,d) . Within endothelial cells, liver, brain, 198 mammary gland/limb muscle, and lung-specific clusters of TFs were evident ( Fig. 6e-g) . 199
Gata4, known to specify liver endothelium, appeared in a cluster of liver-enriched TFs 200 ( Fig. 6g) . Another cluster of TFs, including Pbx1, were enriched in kidney endothelial 201 cells ( Fig. 6g) . The roles of Pbx1 in kidney endothelial development are not explored, 202
and could aid in tissue engineering for kidney regeneration. A highly distinct cluster of 203 cells specified the heart endocardium, including Plagl1, a TF whose role in endocardial 204 specification is unknown (Fig. 6g) . These results illustrate how single cell data taken 205 across many organs and organs can identify the transcriptional regulatory programs 206
which are specific to cell types of interest. 207 208
In conclusion, we have created a compendium of single-cell transcriptional 209 measurements across 20 organs and tissues of the mouse. This Tabula Muris, or "Mouse 210
Atlas", has many uses, including the discovery of new putative cell types, the discovery 211 of novel gene expression in known cell types, and the ability to compare cell types across 212 organs and tissues. It will also serve as a reference of healthy young adult organs and 213 tissues which can be used as a baseline for current and future mouse models of disease. 214
While it is not an exhaustive characterization of all organs of the mouse, it does provide a 215 rich data set of the most highly studied organs and tissues in biology. The Tabula Muris 216 provides a framework and description of many of the most populous and important cell 217 populations within the mouse, and represents a foundation for future studies across a 218 multitude of diverse physiological disciplines. 219 220
Supplementary Information is available in the online version of the paper. After dissociation, single cells from each organ and tissue were isolated into 384-or 96-466 well plates via Fluorescence Activated Cell Sorting (FACS). Most organs were sorted 467 into 384-well plates using SH800S (Sony) sorters. Heart and liver were sorted into 96-468 well plates and cardiomyocytes were hand-picked into 96-well plates. Limb muscle and 469 diaphragm were sorted into 384-well plates on an Aria III (Becton Dickinson) sorter. The 470 last two columns of each 384 well plate were intentionally left as blanks. For most 471 organs, single cells were selected with forward scatter, and dead cells and common cell 472 types were excluded with a single color channel. Combinations of fluorescent antibodies 473
were used for most organs to enrich for rare cell populations (see supplemental text), but 474 some were stained only for viable cells. Color compensation was used whenever 475 necessary. On the SH800, the highest purity setting ("Single cell") was used for all but 476 the rarest cell types, for which the "Ultrapure" setting was used. Sorters were calibrated 477 using FACS buffer every day before collecting any cells, and also after every 8 sorted 478
plates. For a typical sort, 1-3 ml of pre-stained cell suspension was filtered, vortexed 479 gently, and loaded onto the FACS machine. A small number of cells were flowed at low 480 pressure to check cell and debris concentrations. The pressure was then adjusted, flow 481 paused, the first destination plate unsealed, loaded and sorting started. If a cell suspension 482 was too concentrated, it was diluted using FACS buffer or 1X PBS. For some cell types 483 like hepatocytes, 96-well plates were used because it was not possible to sort individual 484 cells accurately into 384-well plates. Immediately after sorting, plates were sealed with a 485 pre-labeled aluminum seal, centrifuged, and flash frozen on dry ice. On average, each 486 384-well plate took 8 minutes to sort. 487 488 cDNA synthesis and library preparation 489 cDNA synthesis was performed using the Smart-seq2 protocol 2,3 . Briefly, 384-well plates 490
containing single-cell lysates were thawed on ice followed by first strand synthesis. PCR amplification was carried out on a ProFlex 2x384 thermal cycler using the following 529 program: 1) 72°C for 3 minutes, 2) 95°C for 30 seconds, 3) 12 cycles of 95°C for 10 530 seconds, 55°C for 30 seconds, and 72°C for 1 minute, and 4) 72°C for 5 minutes. 531 532
Library pooling, quality control, and sequencing 533
Following library preparation, wells of each library plate were pooled using a 534
Mosquito liquid handler (TTP Labtech). Pooling was followed by two purifications using 535 0.7x AMPure beads (Fisher, A63881 Sequences from the Novaseq were de-multiplexed using bcl2fastq version 2.19.0.316. 571
Reads were aligned using to the mm10plus genome using STAR version 2.5.2b with 572 parameters TK. Gene counts were produced using HTSEQ version 0.6.1p1 with default 573 parameters, except "stranded" was set to "false", and "mode" was set to "intersection-574 nonempty". 575 576
Sequences from the microfluidic droplet platform were de-multiplexed and aligned using 577
CellRanger, available from 10x Genomics with default parameters. 578 579
Clustering 580
Standard procedures for filtering, variable gene selection, dimensionality reduction, and 581 clustering were performed using the Seurat package. A detailed worked example, 582
including the mathematical formulae for each operation, is in the Tissue Annotation 583
Vignette. The parameters that were tuned on a per-tissue basis (resolution and number of 584
PCs can be viewed in the tissue-specific Rmd files available on GitHub). For each tissue 585 and each sequencing method (FACS and microfluidic droplet), the following steps were 586 performed: 587 588
1. Cells were lexicographically sorted by cell ID to ensure reproducibility. 589 2. Cells with fewer than 500 detected genes were excluded. (A gene counts as 590 detected if it has at least one read mapping to it). Cells with fewer than 50,000 591 reads (FACS) or 1000 UMI (microfluidic droplet) were excluded. 592
3. Counts were log-normalized for each cell using the natural logarithm of 1 + 593 counts per million (for FACS) or 1 + counts per ten thousand (for microfluidic 594 droplet). 595 4. Variable genes were selected using a threshold (0.5) for the standardized log 596 dispersion, where the standardization was done in separately according to binned 597 values of log mean expression. 598 5. The variable genes were projected onto a low-dimensional subspace using 599 principal component analysis. The number of principal components was selected 600 based on inspection of the plot of variance explained. 601 6. A shared-nearest-neighbors graph was constructed based on the Euclidean 602 distance in the low-dimensional subspace spanned by the top principal 603
components. Cells were clustered using a variant of the Louvain method that 604 includes a resolution parameter in the modularity function 23 . 605 7. Cells were visualized using a 2-dimensional t-distributed Stochastic Neighbor 606
Embedding of the PC-projected data. 607 8. Cell types were assigned to each cluster using the abundance of known marker 608 genes. Plots showing the expression of the markers for each tissue appear in the 609 extended data. 610 9. When clusters appeared to be mixtures of cell types, they were refined either by 611
increasing the resolution parameter for clustering or subsetting the data and 612 rerunning steps 3-7. 613 614
A similar analysis was done globally for all FACS processed cells and for all microfluidic 615 droplet processed cells to produce an unbiased clustering. 616 617
Differential expression overlap analysis 618 619
For FACS and microfluidic droplet data differential expression analysis for each organ 620 was performed using a Wilcox rank test as implemented in the "FindAllMarkers" 621 function of the Seurat package. Differential expression was performed between cell 622 ontology groups and resulted in a list of differentially expressed genes (log e FoldChange > 623 0.25) between each cell ontology group and all other ontology groups of the same organ. 624
For the microwellSeq we used the corresponding published lists for each cell type and for 625 every organ. We then assessed the overlap (Supp. Fig. 6 ) of those lists between the three 626 methods. As the nomenclature is not identical, the analysis was performed between cell 627 types that could be matched with a certain degree of confidence between the three 628 methods (TableS2). 629 630
Calculation of dissociation scores 631 632
For each organ, gene expression matrices were subset to 140 genes 24 , and principal 633 component analysis was performed on this gene subset. The first principal component 634 was used as the "dissociation score" as it corresponds to the variance within these genes. 635 636
Defining cell type-enriched transcription factors 637 638
Transcription factors were defined as the 1140 genes annotated by the Gene Ontology  639 term "DNA binding transcription factor activity", downloading from the Mouse Genome 640
Informatics database (http://www.informatics.jax.org/mgihome/GO/project.shtml, 641 accessed on 2017-11-10). Cell types were defined as unique combinations of cell 642 ontology and organ annotation (e.g. Lung__Endothelial_cell). All analysis was performed 643 on the full 3 month dataset, subsampled by randomly selecting 60 cells from each cell 644 type. Enriched TFs were defined by the Seurat FindMarkers function with the 645 "Wilcoxon" significance test for the target cell type against the all of rest of the cell types 646
combined. These were filtered by p_val < 10-3, avg_diff > 0.2, pct.1 -pct.2 > 0.1 647 (percent detected difference > 0.1), and pct.1 > 0.3 (detected in > 30% of target cells). 648 649
Discovering cell type-specific TF combinations 650 651
For each cell type that contained at least 6 cells, and had at least 4 enriched TFs, the top 652
30 TFs or all that passed filter, whichever was smaller, were selected by highest avg_diff. 653
The specificity of each four-TF combination (up to 27405 combinations for 30 TFs) was 654 assessed by a score defined from two standard metrics, precision and recall: 655
Where TP (true positive) is the number of cells in the target cell type expressing all 4 657
TFs, FP (false positive) is the number of cells not in the target cell type expressing all 4 658
TFs, and TN (true negative) is the number of cells in the target cell type not expressing 659 all 4 TFs. The top TFs by this score for several cell types was plotted in Figure 6a . 660 661
Defining TF networks by correlation analysis 662 663
Organ-specific TF regulatory networks were measured by the correlations of TFs. TFs 664
were selected by enrichment in a cell type over all other cell type with the test described 665
in "Defining cell type-enriched transcription factors", filtered by p_val < 10 -8 , avg_diff > 666 0.3, and pct.1-pct.2 > 0.1. The top 8 markers per cell type (or however many passed the 667 filters) were selected by avg_diff. The Pearson correlations between genes were 668 calculated, and genes ordered by hierarchical clustering with optimal ordering (hclust and 669 cba::optimal). For analysis of TFs within single broad cross-organ cell types, endothelial 670 cells were defined as cell ontology annotations containing "endothelial" or "capillary" 671 ( Fig. 6e-g) . Epithelial cells were defined as cell ontology annotations containing 672 "epithelial", "basal", "keratinocyte", or "epidermis" (Fig. 6b-d) . Exemplary organ-673 specific TFs were visualized on t-SNE plots. t-SNE was computed for a single cell 674 annotation across all organs, by the top variable genes (Seurat FindVariableGenes, 675
RunPCA with 10 PCs, and RunTSNE with perplexity = 30). 676 677 (UMI/read threshold is >0) detected at increasing UMI/read thresholds for FACS (left), 757 microfluidic droplet (middle) and microwell-Seq (right). 758 759
Supplementary Figure 6 Venn diagrams showing the overlap between differentially 760 expressed genes for each common cell type and organs across three methods (FACS,  761 droplet, microwell-Seq). Plotted data are provided in tabular form in Table S2 Tongue  Trachea   37  29  50  5  43  8  18  2  47  28  15  19  21  48  23  3  10  20  34  14  36  4  45  31  39  24  1  33  30  13  53  9  32  41  6  7  17  16  12  22  52  35  42  11  0  27  26  51  49  46  44  40  38 
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